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Introduction
The question as to whether policy variables are interrelated is important. In fact, this is one of the more central issues in policy analysis. Changing one policy variable may have no effector indeed an undesirable effect -if other policy variables are not changed at the same time.
Understanding these interlinkages amongst choice variables may indeed be a prerequisite to successfully handle today's policy challenges. For example, what is the use of giving out R&D tax incentives to stimulate R&D, if the requisite R&D workforce is not available?
A prominent arena where such interlinkages are often cited is in the study of innovation.
Innovation patterns display considerable variation across industries and countries. It is often argued that innovation is a complex outcome, influenced by many factors that are interrelated.
More importantly, the interrelatedness of those factors is often described as one that is complementary, i.e. the factors act together and reinforce each other (Dosi, 1988) . This paper provides a simple framework for empirically identifying and measuring complementarities in innovation policy.
A group of activities is complementary if doing more of any subset of them increases the returns from doing more of any subset of the remaining activities. In a standard (differentiable) framework, complementarity between a set of variables means that the marginal returns to one variable increases in the level of any other variable, or more formally that the cross-partial derivatives of some payoff function are positive.
However, complementarity can also be present when the decision variables are discrete. The notion of complementarities per se requires only that some order relation be put on the objects under consideration. This observation has lead to the actual formalization of the concept within the mathematical theory of lattices, which started with the work of Arthur Veinott and Donald
Topkis (see for instance, Topkis (1978) ) 1 .
The formalization of complementarities to discrete structures permits the analysis of such complex and discrete entities as organizational structures, institutions, and government policies. It provides a way to capture the intuitive ideas of synergies and systems effects, i.e.
that "the whole is more than the sum of its parts." Furthermore, it constitutes the starting point for an understanding of the failure of piecemeal approaches to policy. For if the various elements of a given organization are complements, then adopting only some of the features of a better performing organization may not yield equivalent or better performance; it might actually worsen the current situation.
The study of complementarity has subsequently been introduced into economics. Paul
Milgrom and John Roberts have considerably extended the initial work of Topkis and Veinott and pioneered its application to economics (see, for instance, Paul Milgrom and John Roberts (1990) ). For a recent reference on the theory of supermodularty and complementarity see Topkis (1998) 2 .
An innovation system is often said to have discrete characteristics encompassing a set of institutions, laws, incentives, and customs. Most importantly, factors are said to create a set of complementarities, through which decision variables reinforce each other. A consequence of this is that piecemeal policy may not be successful, as one-dimensional policy prescriptions in isolation will not produce the desired outcomes.
This paper develops a framework for testing discrete complementarities in innovation policy.
Our approach is based on governments choosing a set of parameters (policies) at the national level in order to maximize innovation activities. A trade-off for the government is introduced by assuming that policies have different effects on innovation activities at the industry level.
For example, mandatory patenting might be a good policy in pharmaceuticals where it is easy to define a new product and customary for firms to patent, but it might be detrimental in other industries where secrecy is preferred to patenting as a means to appropriate innovation benefits. Another example might be tax credits. Handing out tax credits to promote R&D and innovation will help profitable and well-established firms but will be useless and maybe even counterproductive for startup firms or loss-making enterprises (Eisner, Albert and Sullivan (1984) ). Finally, a legal system clearly defining and defending property rights provides a 1 Specifically, a lattice is a partially ordered set where each pair of elements { } b a, has a least upper bound, noted b a ∧ , and a greatest lower bound, noted b a ∨ . Two objects a and b are then called complementary if the
reliable and congenial framework for growing firms, but t oo much regulation and concerns about establishing property rights might stand in the way of innovation diffusion.
Within this trade-off for policy decisions by government we like to ask whether policy decisions are complementary. If so, we would expect certain policy actions to occur together in order to maximize the impact on innovation activities. To address this question, we will assume that the impact of policy actions on the innovation activity in a given industry is identical across countries. In other words, staying with the above example, mandatory patenting is an innovation enhancing policy in pharmaceuticals in all countries. This assumption will lead to a similar trade-off for all countries, which implies that the complementarities are industry specific 3 .
Even though the trade-off is the same for all countries, this does not imply that countries will all choose the same set of policies. Our approach will assume that there are country and industry-specific factors. For instance, countries or industries might differ because of their institutional endowments. According to North (1994, page 360) :
"Given that these institutions are likely to be different across countries and industries, such as institutions, laws, incentives, customs, etc., they will translate into country-specific and firm-specific heterogeneity, which in turn may lead to different outcomes."
One of the key identification assumptions of our framework is that these institutional endowments are separable from the rest of the system. In other words, the complementarity of the objective function is independent of the endowments. Given this separability assumption, we are able to develop a conceptual framework within which we can test complementarities in innovation policies.
Using this framework we are able to specify a discrete test of supermodularity in innovation policy leading to a number of inequality constraints. Our test is based on directly estimating the objective function of the policy makers. In principle, testing for complementarity can be achieved by investigating whether the choice variables are correlated. An alternative approach 2 Another early contribution to economics is Vives (1990) . There are also several empirical contributions to the study of complementarity, see for instance Ichniowski et al. (1997) , Athey and Stern (1998) , and Miravete and Pernias (2000) .
is to test for complementarity in innovation policy by directly testing whether the objective function is supermodular. This is the approach taken in this paper.
We apply our test to a new data set on European firms. For two reasons, we like to differentiate between two types of innovation activities: the intensity of innovation, conditional on doing any innovation at all, and whether a firm does any innovation or not. The first reason for considering the two innovation activities explicitly is that we only observe innovation activities, conditional on doing any innovation at all. In other words, we have a censoring problem. In order to obtain consistent estimates of complementarity in innovation, we estimate the probability of being an innovator, which is then used to correct for the sample selection.
The second reason is that the complementarities may be rather different for the two types of innovation activities. Policy impacts as well as complementarity in policy may be rather different for the intensity of innovation, as compared to the likelihood of becoming an innovator.
Our results suggest that industries display a considerable amount of complementarity, with some industries being complementary across all obstacles. Generally, complementary in the intensity of innovation appears to be more pronounced than in the probability of becoming an innovator. This indicates that these two innovation processes, i.e. the intensity of innovation vs. the probability of becoming an innovator are subject to different constraints. This also implies that policies to remove obstacles to innovation may result in rather different effects, depending on whether they are designed to stimulate innovation by incumbents (i.e. the intensity of innovation, conditional on being an innovator) or to stimulate entry (i.e. increase the probability of becoming an innovator).
In terms of obstacles we find that the lack of internal human capital (skilled personal) is complementary with all the other obstacles in almost all industries. This is true for both the intensity of innovators as well as new innovators. It appears that internal human capital is key, insofar that it is complementary to all the other factors that might hamper innovation activities. In terms of innovation policy this finding of human capital complementarity 3 Alternatively, one could allow for the trade-off to vary across industries and countries. However, this will lead to a number of complications in the econometric specification. In this sense, our assumption of "global"
suggests that measures directed at removing barriers to innovation may be more effective if those measures are also explicitly directed at increasing the level of internal human capital.
The paper is organized as follows. Section 2 develops the framework, while Section 3 defines supermodularity in innovation. Section 4 specifies the test and section 5 discusses the results.
Section 6 concludes.
Innovation Policy
We begin by assuming that innovation in each industry is affected by K policy variables, which are taken by governments at the national level. This assumption is crucial insofar it will imply that complementarity in a particular industry exists either for all countries, or for no country 4 .
complementarities at the industry level is more tractable. 4 It is unclear as to why the trade-off would vary across countries, given that technologies and thus the constraints faced by firms should all work in the same direction across countries. For this reason, it appears more reasonable to base national differences on the exogenous variables rather than the trade-off within an industry. governments cannot create the optimal environment for each industry, as they set parameters at the national level.
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Given this environment we like to provide evidence on the existence of complementarity in government actions. In principle there are two levels at which complementarity could exist:
(i) there could be complementarity at the economy-wide level (macro-complementarity), and/or (ii) there could be complementarity at the industry level (micro-complementarity).
Testing macro-complementarity would imply a test of whether innovation at the economy- Lemma 2.6.1 from Topkis (1978) shows that the sum of supermodular functions defined on a lattice, is also supermodular. In our context this implies that whenever the innovation function for all the industries are supermodular, so is the entire country-level objective function. Including weights on the individual industry innovation functions does not change this result (see Lemma 2.6.1. in Topics (1978) ). In other words, micro-level complementarity for all industries implies macro-level complementarity. The reverse is not true.
Testing for complementarity in innovation policies could, in principle, proceed by checking supermodularity of
θ , assuming that data on government actions are available.
Unfortunately, the available data on innovation (see below) do not report government actions.
For example Levin et al. (1987) show that patents are perceived as effective means of appropriability in Pharmaceuticals but not in most of the other industries.
Instead, we have measures of the obstacles to innovation. Assuming that the relationship between actions and obstacles is monotone, we can infer complementarity between actions by measuring complementarity between obstacles. In particular, monotonicity between actions and obstacles is likely to hold within an industry, which allows us to proxy actions with obstacles. Given that only obstacles are observable, and assuming that monotonicity between actions and obstacles holds at the industry-level, we proceed to measure complementarity in actions at the industry level only.
Let the industry-level innovation function be defined as follows,
where C ki , where k=1,…,K are a number of innovation constraints faced by firms in industry i.
These innovation constraints are in turn determined by the actions of the government in country j. 6 According to the above mentioned trade-off for the government an action may have opposite effects on obstacles across industries. For example, an increase in j a 1 may increase the constraint i C 1 in industry i, but decrease the constraint
In particular, we will assume that the effect of kj a on ) ( kj ki a C is weakly monotone for each k, j, and i. In line with the above argument, we assume that C depends only on the industry and the actions, not the country. This implies that the effect of an action on a constraint is the same across countries in a given industry, i.e. complementarity in a particular industry exists either for all countries, or for no country. Given monotonicity at the industry level, we are able to measure complementarity in actions through data on obstacles. In other words, we can simplify
and test whether [2] is supermodular in the obstacles. Given that we will measure complementarity in obstacles and that the effects of actions on obstacles are potentially very different across industries (this is indeed where the government's trade-off comes from), we are not able to link our results to precise policy measures. However, we are able to provide evidence on whether complementarity in policy actions exist.
Supermodularity of the Innovation Function
Given the above framework, we can now define complementarity in innovation policy by checking whether the innovation function is supermodular in obstacles. Let the innovation function for industry i be given by [2] , where the obstacle set C ( C C i ∈ ) is a set of elements that form a lattice and the θ 's are exogenous parameter. We define complementarity of the innovation function as follows (see for example Milgrom and Roberts 1990, page 516 
We will test this below.
A Simple Example:
A simple example might be useful for illustrative purposes. For example, using properties of systems of complements relating to monotone comparative statics, it can be shown (see Milgrom and Shannon, 1994) Another important result for the empirical implementation below is that it suffices to check pairwise complementarities in case there are more dimensions than two in the lattice (Topkis, 1978) . In other words, a function is supermodular over all its arguments, if and only if all pairwise components satisfy the above definition.
As was mentioned above, (see Topkis (1978) ) the sum of supermodular functions defined on a lattice is also supermodular. This implies that micro-level complementarity for all industries implies macro-level complementarity. The reverse is not true.
Given these properties of supermodularity, we now derive the constraints that need to be satisfied for the industry innovation function to be supermodular. Let the K obstacles to innovation be binary, i.e. they take on the value of either 1 (high) or 0 (low). Define an element of the set C ( C C i ∈ ) as a string of K binary digits, where the individual binary components of each element of the set C represent the obstacles to innovation. Thus, there are K 2 elements in C. In terms of our data set below we have chosen 4 obstacles, which implies that K=4. The elements in C are therefore (0000), (0001), (0010) Using the definition of supermodularity, and the fact that we only need to check pair-wise elements, it can be shown that the number of nontrivial 7 inequality constraints implied by the definition of supermodularity is equal to ( )
, where K is the number of obstacles and i=2 (binary). Since K=4, we have a total of 24 nontrivial inequality constraints.
In particular, using the above definition of supermodularity we can write the 4 nontrivial inequality constraints for obstacle 1 and 2 to be complementary in innovation as, [3] Similarly, the 4 nontrivial inequalities necessary to hold for obstacles 1 and 3 to be complementary are,
The remaining 16 constraints corresponding to complementarity between obstacles 1 and 4, 2 and 3, 2 and 4, and 3 and 4 are analogous. Complementarity over all actions is given, whenever all the 24 inequality constraints are satisfied.
We next turn to the empirical analysis, which will test for complementarity by checking whether these constraints are accepted by our data on innovation.
Empirical Implementation
Testing for complementarity can be achieved by investigating, whether the choice variables are correlated (see for example Miravete and Pernias (2000) ). For instance, within the context of our simple example above, if the two countries are located at { } 11 and { } 01 , there is little evidence of complementarity. However, evidence of complementarity would be if one country is at { } 11 and the other at { } 00 . One approach followed by Miravete and Pernias (2000) is to estimate the correlation in choice variables from the first-order conditions.
Generally, this procedure requires observability of the choice variables, but not the objective.
An alternative approach is to test for complementarity in innovation policy by directly testing whether the objective function is supermodular, which requires that the objective is observable. This is the approach followed in this paper.
After a brief description of the data we will then turn to our test of complementarity.
The CIS data
In 1992, the statistical agency of the European Union -Eurostat -directed a coordinated effort to collect firm-level data on innovation in the EU member countries. The Community Innovation Survey (CIS 1) data were collected using a similar questionnaire and comparable sampling procedures. To date, there has been relatively little econometric analysis of this data set, but given the information it offers, it is ideally suited for tackling the research tasks described here.
The data set comprises individual firm data on some general characteristics of the firm (main industry of affiliation, sales, employment, export sales), various innovation measures, Eurostat allow us in principle to apply the full set of micro-econometric techniques even with the aggregated data. The possibility of a micro-aggregation bias in the presence of nonlinear estimation techniques is an interesting topic in itself, but we shall not pursue it here.
Of particular importance is a survey question in which firms were asked to evaluate the importance of potential innovation obstacles. These obstacles can be categorized into four groups (see Appendix 2): factors relating to risk and finance, factors relating to knowledgeskill within the enterprise, factors measuring the knowledge-skill outside the enterprise, and finally regulation. The country heterogeneity in obstacle perception and the complementarity between these potential impediments are the focus of this paper.
Aggregating the obstacles in each group would be inconsistent with our assumption of obstacle-specific functions linking constraints to government actions. Therefore we have decided to analyze four specific obstacles, the most representative a priori of each group: lack of appropriate sources of finance, lack of skilled personnel, lack of opportunities of cooperation with other firms and technological institutions, and legislation, norms, regulations, standards, taxation (see Appendix 2). The respondents had to answer these questions on a Likert scale (one to five).
There may very well be a country specific response bias, which could for instance be due to differences across countries in survey methods or questionnaires. In order to control our estimates for such country effects in responding to the questionnaire, we have transformed the responses into binary responses, according to whether or not the response to each question was above or below the average country response (for all obstacles and industries), which was 1.89 in Ireland, 2.03 in Denmark, 2.10 in Germany and 1.94 in Italy.
The data have been cleaned for outliers, missing values and inconsistencies. In particular we dropped firms with less than 20 employees, with sales growth rates higher than 250% or lower than -40% between 1990 and 1992, with R&D/sales ratios higher than 50%. We eliminate 17% of the original sample for Denmark, 30% for Ireland, 36% in Germany and 17% in Italy.
Complementarity Test -Specification
To test the inequality constraints implied by complementarity, we need to get consistent where I is a measure of innovation. There are a number of possible variables related to innovative activities in the CIS data set. We use the percentage in sales of innovative products as our innovation variable. In addition, we control for several exogenous factors that influence innovation, ij Z . As exogenous shifters we use a size dummies, a dummy for whether the firm belongs to a group, the R&D per sales ratio, a dummy for continuous R&D, and a dummy for whether the firm is engaged in cooperative R&D. In line with our above framework, we control for industry and country specific exogenous variables, ij θ . We do so by specifying country specific fixed effects, Note that complementarity over the entire set will involve all 24 constraints to hold for a given industry. However, complementarity in innovation may also be present over a subset of the above constraints.
We are now ready to specify our test for supermodularity assuming that we have consistent estimates of the li γ 's from [4]. As we mentioned above, it suffices to test obstacles in a pairwise fashion. For computational reasons, which will become apparent below, we are unable to test all the 24 inequality constraints simultaneously. We therefore proceed by testing complementarity for each pair of obstacles separately.
10 It is worth mentioning that the above specification [4] can also be equivalently written in terms of obstacle dummies instead of state dummies. In this case, intuitively, the conditions for complementarity concern interaction effects between obstacles. Note that this is not equivalent to the cross-partials between those two obstacles, since the derivative w.r.t. a discrete variable is not defined. The other 6 complementarity relationships are analogous. Intuitively, complementarity is rejected when the upper tail of the joint distribution of the parameter constraints corresponding to a pair of obstacles is sufficiently small. To compute this joint probability for the above test, we need to integrate a four-variate distribution function. More precisely, at the boundary the null hypothesis can be expressed as an equality constraint in the form . ) (
S S S S dv v
For instance, a value of the upper tail for this integral of 0.06 implies that there is a probability of error of 6% by rejecting the null of supermodularity for a pair of obstacles. In other words, large p-values imply acceptance of weak supermodularity.
The second test we propose is more conservative, and takes (strong) complementarity as the alternative. In this case, the test for complementarity in the innovation function between obstacles 1 and 2 is given by (again the other 6 complementarity relationships are analogous), In this case, no complementarity is rejected when the lower tail of the joint distribution of the parameter constraints corresponding to a pair of obstacles is sufficiently small. The p-value of rejecting the null hypothesis is given by the value of the lower tail distribution of a four-
For instance, a value of the lower tail for this integral of 0.06 implies that there is a probability of error of 6% by accepting the alternative of supermodularity for a pair of obstacles. In other words, low p-values indicate evidence in favor of strong supermodularity.
It is clear that the two tests are just the complement of each other, since they integrate up to the same values of the constraints. However, the second test is more demanding in terms of finding supermodularity, since the null hypothesis is chosen as no supermodularity. We therefore report both tests below. To compute the test statistics we need to compute the fourvariate integrals, which is done by using the GHK simulator (see Mariano et al, 2000) .
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Before we report our test results, we need to return to the estimation of [4] . Recall that our supermodularity test is based on consistent estimates of the li γ 's.
Econometric Issues and Estimation
An important consideration is to obtain consistent and efficient estimates of the li γ 's. A significant problem might arise due to the fact that we observe innovation activity by a particular firm only if this firm in fact innovates. Many firms in our sample do not innovate at all, i.e. we have that 0 = ij I , which may give rise to serious censoring.
Besides the econometric problem of censoring, which has to be handled properly to lead to consistent estimates of innovation, we may also be interested to test the hypothesis of complementarity in whether firms do innovate at all. As we mentioned above, there are actually two separate effects of obstacles on innovation activities. The first one is on the intensity of innovation, conditionally on innovating at all. Second, obstacles might prevent a firm from doing any innovation at all. In principle, a change in the obstacles to innovation will have an impact on both effects: the probability of innovating and the intensity of innovating.
In order to capture the second effect of obstacles on innovation and to correct for censoring, we specify a probit model for the probability of innovating (suppressing firm subscripts 12 Few firms declare to be innovative in processes and not in products. By focusing on shares in sales of innovative products, we actually capture process innovations as well. The constraints and hypothesis test for complementarity in becoming an innovator are analogous to the previous sub-section except that the l γ 's are replaced by the corresponding l λ 's.
Empirical Results
Before we turn to the econometric evidence, we present some descriptive evidence in form of simple count statistics. The idea is to infer something about complementarity by looking at occurrences. For instance if obstacle one occurs more often together with obstacle two, rather than separately, we might conclude that complementarity between the two obstacles exist. Table 2 shows the frequency of occurrences of our 16 states in the full sample of all observations in the four countries, as well as in the sub-sample of innovating firms. The occurrences are classified in the order of binary arithmetic.
Looking at Table 2 , it is clear that the most frequent responses are the two extremes; zero everywhere and one everywhere, as well as lack of appropriate sources of finance and zero for the other obstacles. It appears that there is some evidence of complementarity in this data. In terms of pairwise complementarity, there are a large number of possible counts to consider.
For example, in the food industry, obstacle 3 (external knowledge) and obstacle 4 (regulation) are more often perceived similarly (strong if 1, weak if 0) than differently, regardless of how the other two obstacles are perceived: the occurrence of (0000) plus (0011) is more frequent than (0001) plus (0010), etc. This holds for both data sets, i.e. ALL FIRMS (top of Table 2) as   well as INNOVATORS (bottom of Table 2 ). A similar result applies to obstacle 1 (finance) and obstacle 2 (personnel). We therefore have some descriptive evidence of pairwise complementarity.
There is however, also evidence of lack of complementarity. For example, in the metal industry obstacles 3 and 4 are not complementary as indicated by occurrences: the frequency of (0100) plus (0111) is smaller than (0101) plus (0110) for INNOVATORS (bottom of Table   2 ). Interestingly, the complementarity is present if one considers ALL FIRMS, which implies that the censoring problem discussed above may be important in determining complementarity.
In sum, it appears that the descriptive evidence regarding supermodularity is mixed. Of course, looking at counts can only be considered suggestive and yields a very large number of possible computations. We now turn to a more systematic approach, which further controls for other exogenous factors. and l λˆ to calculate the tests of complementarity described above for both the probability of becoming an innovator (through l λˆ) as well as the intensity of innovation (through l γˆ).
Econometric Results

Consistent
14 Table 3 presents the p-values of the first supermodularity test discussed above, i.e. where we specify weak supermodularity as the null hypothesis. Recall that the p-values indicate the probability of error by rejecting the null of weak supermodularity for a pair of obstacles. Table 3 presents p-values for each pair of obstacles for every industry and for both the probability to innovate and for the intensity of innovation. For instance, the hypothesis that lack of finance (obstacle 1) and lack of internal human capital (obstacle 2) are complementary in affecting the probability of innovating in the food industry cannot be rejected at any reasonable level of significance (p-value of .956). In fact, this finding holds for each pair of obstacles in all industries. In addition, we cannot reject weak supermodularity neither for the intensity of innovation nor for the probability of becoming an innovator. We therefore conclude that our test of weak supermodularity unanimously accepts the hypothesis of supermodularity in the innovation process.
As we indicated above, the second test is more demanding in terms of finding support for the supermodularity hypothesis. Table 4 presents the p-values of the strong supermodularity test,
i.e. where we specify strong supermodularity as the alternative hypothesis. Recall that the pvalues indicate the probability of error by rejecting the null of no supermodularity. For instance, the hypothesis that obstacle 1 (finance) and obstacle 2 (internal human capital) are 14 We have tested the joint significance of the coefficients relating to the obstacles to innovation. A Wald test revealed that for most industries the obstacles are jointly significant at a 10% level. The only exception for [4] is the food industry, which is only significant at the 16% level. The results for [5] are somewhat less significant, even though most are still significant. The exceptions here are food (20% significance level), textile (30%) nonmetallic (88%) and vehicle (33%).
not complementary in terms of the probability of innovating in the food industry can be rejected at a 5% significance level (p-value of .044) 15 .
The p-values in Table 4 indicate that the hypothesis of no supermodularity in innovation policy cannot be rejected for all obstacles and all industries. However, there are a large number of pairwise complementarities that are statistically significant. This is true for the probability of being an innovator as well as for the intensity of innovation. It is also clear, that not all the obstacles are complementary in all industries. In other words, not surprisingly we do not have full complementarities across all industries. However, several industries display a high degree of supermodularity in the innovation process. For instance, the food industry, the wood industry, the machinery and equipment industry, and the vehicle industry all exhibit full complementarities in the intensity of innovation at a 10% level.
By contrast, the probability of innovating is much less complementary. In fact, there is no industry in which full complementarity exists at the 10% level. Nevertheless, there is no single obstacle that is not complementary to at least one other obstacle. The only exception is the chemical industry, where obstacle 3 is not complementary to any other obstacle.
We therefore find that all industries display a considerable amount of complementarity, with the complementary being more pronounced in the intensity of innovation than in the probability of becoming an innovator. This indicates that these two innovation processes, i.e.
the intensity of innovation vs. the probability of becoming an innovator are subject to different constraints. Table 3 also shows that all obstacles are complementarity in several industries. In other words, the four obstacles (finance, internal human capital, external knowledge, and regulation) are interrelated in a significant subset of the industries, which implies a trade off at the country level in terms of policy. The highest number of significant complementary relationships for innovation is estimated between obstacles 2 and 3 (internal human capital and external knowledge) and obstacles 2 and 4 (internal human capital and regulations), which are both significant at the 10% level in 10 out of the 11 industries. The former reflects the well-known absorption hypothesis is, according to which internal and external knowledge reinforce each other. The latter indicates that lack of human capital is more constraining in regulated firms. Considering the probability of becoming an innovator, we find the highest number of complementary relationships between finance and internal human capital with 9 out of 11 industries displaying significant complementarity at the 10% level. The lack of external capital is exacerbated by a lack of skilled personnel.
Conclusion
This paper develops a framework for testing whether complementarities in innovation policy exist. We specify and estimate an innovation function that allows us to test for supermodularity in innovation policy. We also differentiate between two separate effects: the first one is on the intensity of innovation, conditional that a firm does any innovation at all, and secondly, whether a firm does any innovation or not.
We find that industries display a considerable amount of complementarity, with some industries being complementary across all obstacles. Generally, complementary in the intensity of innovation appears to be more pronounced than in the probability of becoming an innovator. This indicates that these two innovation processes, i.e. the intensity of innovation vs. the probability of becoming an innovator are subject to different constraints. This also implies that policies to remove obstacles to innovation may result in rather different effects, depending on whether they are designed to stimulate innovation by incumbents (i.e. the intensity of innovation, conditional on being an innovator) or to stimulate entry (i.e. increase the probability of becoming an innovator).
In terms of obstacles we find that the lack of internal human capital (skilled personal) is complementary with all the other obstacles in almost all industries. This is true for both the intensity of innovators as well as new innovators. It appears that internal human capital is key, insofar that it is complementary to all the other factors that might hempen innovation activities.
In terms of innovation policy this finding of human capital complementarity suggests that measures directed at removing barriers to innovation may be more effective if those measures are also explicitly directed at increasing the level of internal human capital. Obstacle Definition: 1= Lack of appropriate sources of finance, 2= Lack of skilled personnel, 3= Lack of opportunities for cooperation with other firms and technological institutions, 4= Legislation, norms, regulations, standards, taxation. Table 3 TEST 
